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Abstract - Fuzzy methods for machinery fault diagnosis are 
able to classify fault patterns in a non-dichotomous way 
thereby imitating the way humans process vague information. 
As an outgrowth of classical set and measure theory, fuzzy 
measure and fuzzy integral theory has the ability to infer the 
importance of each criterion and represent certain 
interactions among them. Based on fuzzy measure and fuzzy 
integral theory, a novel feature level direct fuzzy data fusion 
approach for machinery fault diagnosis is presented. Fuzzy 
analysis method was used to obtain the membership values of 
each feature for each fault class. The Choquet fuzzy integral 
data fusion method was employed to produce the diagnostic 
result using different features. Current and vibration signals 
from electrical motors were used to validate the method. 
Results showed that the proposed feature level fuzzy measure 
and fuzzy integral fusion approach performed very well for 
electrical motor fault diagnosis. 
 
I. INTRODUCTION 
 
Machinery maintenance has evolved from corrective and 
preventive maintenance to condition based maintenance 
(CBM). Corrective maintenance refers to performing 
maintenance to correct an already-existing fault, while 
preventive maintenance, refers to performing proactive 
maintenance in order to prevent system problems. 
Effective condition based maintenance can only be 
implemented if accurate diagnostic strategies are in place. 
Although a variety of methods [1] [2] [3] [4] [5] [6] [7] [8] 
have been applied to machinery condition monitoring and 
fault diagnosis, the diagnostic accuracy is far from 
satisfactory. According to a survey [9], a total of 258 flight 
accidents occured from 2000 to 2005, which claimed 7002 
fatalities. Of all the accidents, mechanical failures 
accounted for about 20%, which makes it the second most 
major cause.   
As is often the case, most machinery faults lead to 
increases in vibration levels. Hence, vibration monitoring 
has become one of the most basic and widely used 
methods to detect machinery faults. However, it is also 
recognised that a multi-parameter data fusion approach to 
diagnostics will produce more accurate results. 
Nevertheless, techniques for multi-parameter diagnostics 
are still being researched. Data fusion techniques are 
capable of producing an improved model for system 
estimation by using a set of independent data sources [10] 
and make better use of information resources, thereby 
effectively increasing the signal to noise ratio (SNR) [11], 
and improve the  information  quality  and  robustness [12].  
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Data fusion techniques can take place at different levels, 
such as at the decision level as well as the feature level. 
This paper will address feature level fuzzy integral data 
fusion techniques for machinery fault diagnostics. 
A number of features can be extracted for fault 
diagnostic purpose, such as root mean square (RMS), 
kurtosis, variance, skewness, crest factor, time 
synchronous average signal (TSA), residual signal (RES) 
and difference signals. However, not all of the extracted 
features are employed in the most effective way. Some are 
simply used separately where the interactions among the 
features are not fully considered or even ignored. In cases 
when the features employed are synergetic, the accuracy of 
diagnosis might be undermined. 
Classical set theory and probability theory have been 
widely applied for dealing with uncertainty problems. 
Fuzzy set theory and fuzzy measure theory are more 
general mathematical methods for dealing with this kind of 
problems. As an outgrowth of classical measure theory, 
fuzzy measures and fuzzy integral theory can reflect the 
importance of each criterion and represent certain 
interactions among them [13], potentially making it very 
useful for machinery fault diagnosis. In addition, many 
machinery faults tend to have a fuzzy nature, which makes 
fuzzy methods even more suitable for fault diagnosis than 
traditional methods. 
This paper presents a novel feature level fuzzy integral 
data fusion method for machinery fault diagnosis. The 
individual contributions of different features are obtained 
using the fuzzy analysis method. The Choquet fuzzy 
integral theory is then used to fuse the outputs of the 
features to produce the diagnostic results. The rest part of 
this paper is organised as follows. In section 2, the fuzzy 
measure and fuzzy integral theory is briefly introduced. In 
Section 3, a feature level fuzzy integral fusion schema for 
machinery fault diagnosis is proposed. Section 4 presents 
the experimental results with discussions. Section 5 draws 
the conclusion. 
 
 
II. FUZZY MEASURE AND FUZZY INTEGRAL 
 
 
A fuzzy measure on the set X of criteria is a set function  
:  ]1,0[)( XP  
satisfying the following axioms: 
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2) XBA   implies )()( BA   , 
where },,{ 1 nxxX   is the set of  criteria; )(XP is the 
power set of X , i.e. the set of all subsets  of X ; and 
)(A represents the weight of importance of the set of 
criteria A . 
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where ig  is the fuzzy density. The  value can be obtained 
by solving the following equation: 



n
i
ig
1
)1(1  .                                                       (2) 
The Choquet integral of a function ]1,0[: Xf  with 
respect to fuzzy measure   is defined by 
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where },,{ 1 nxxX   is the set of criteria; )(XP is the 
power set of X , i.e. the set of all subsets of X ; and 
)(A represents the weight of importance of the set of 
criteria A .  
 
III. FEATURE LEVEL FUZZY INTEGRAL FUSION 
FOR MACHINERY FAULT DIAGNOSIS 
 
Fig.1 illustrates the architecture of the feature level 
fuzzy integral model for machinery fault diagnosis.  
 
 
It can be seen from the architecture that the feature level 
fuzzy integral fusion model consists of three major 
modules: the partial matching module, interaction and 
importance inference module and the global matching 
module.  
The first step of the feature level fuzzy integral fusion 
for diagnosis is to obtain partial matching degree. The 
partial match with respect to a feature is the determination 
of a partial matching degree between a feature value and a 
fault prototype to establish the relation between a feature 
value and a given fault. Different methods can be used to 
build these partial matching relations, e.g., the probability 
density function method. The work presented in this paper 
employed the fuzzy c-means analysis method to identify 
the partial matching relations. The matching degree was 
represented by fuzzy membership degrees. The partial 
matching degrees can be interpreted as the confidence 
function f which is needed by the fuzzy integrals. 
The second step for this model implementation is to 
identify the fuzzy measures. This work employed g fuzzy 
measures. To obtain these g fuzzy measures, the average 
membership degrees of different features for different fault 
prototypes were used as fuzzy densities. The fuzzy density 
reflects the overall confidence level of a feature for the 
recognition of a given fault prototype. 
Once the partial matching degrees and the fuzzy 
measures are obtained, they are fed to the global matching 
module together with the fuzzy measures. The fuzzy 
integral then considers both the current confidence level 
and the overall confidence level of every feature for a 
given fault prototype to give an overall assessment, which 
is the diagnostic result. As both the importance of every 
feature and the interactions among different features are 
taken into account during the matching process, the 
proposed model is expected to produce a much more 
accurate diagnostic result than any individual feature can 
provide. 
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Fig. 1. The architecture of the feature level fuzzy integral diagnostic model 
IV. EXPERIMENT RESULTS WITH DISCUSSIONS 
 
The electrical motor test was conducted on a machinery 
fault simulator (MFS) made by SpectraQuest Inc. Fig. 2 
shows one of the test motors on the test rig. The data 
acquisition system for the electrical motor experiment 
included a NI A/D converter card Daq6062E with a 
connector BNC2120, an accelerometer IMI 608A11, an 
AC Fluke1200 current clamp, a signal conditioner PCB 
482A20, an anti-alias filter KROHN-HITE 3202, and a 
Toshiba laptop computer. LabView was used to record 
both vibration acceleration and current signals. The cut-off 
frequency for analysis was 1k Hz, and the sampling rate 
was 4k Hz.  
 
 
 
 
Fig. 2.  Electrical motor on test rig 
 
The four motors involved in the experiment are: 
 Motor with broken rotor bars (BRB). 
 Motor with voltage unbalance and single phasing 
(VUSP). 
 Motor with faulty bearing (FB). 
 Healthy motor (H). 
These motors were tested under different speeds and 
loads conditions. The motors with faults didn’t show much 
difference compared with the healthy motor when running. 
However, to simplify the validation process, only data 
collected at maximum load and a speed of 2280 rpm were 
used in the research. 
Statistical time domain features were extracted from the 
recorded vibration signal as well as the current signal. 
These features included maximum value of current, 
variance of current and maximum value of vibration.  
Fig. 3 and Fig. 4 show the obtained membership degree 
distributions of maximum value and variance of current in 
recognizing the three motor fault prototypes using fuzzy c-
means clustering analysis. Fig. 5 shows the obtained 
membership degree distributions of maximum value of 
vibration in recognizing the three motor fault prototypes 
using the same method. The three motor faults are BRB, 
VUSP and FB, as mentioned before. These curves were 
obtained using polynomial fittings. The degrees of these 
polynomial range from “7 to 13”. It can be observed from 
these curves that the membership degree distributions of 
these features, which are similar to probability density 
function, are usually not normal distributions.  
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Fig. 3. Membership degree of maximum value (current) 
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Fig. 4. Membership degree of variance (current) 
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Fig. 5. Membership degree of maximum value (vibration) 
 
Table 1 shows the  values for motor with broken rotor 
bars, motor with voltage unbalance and motor with faulty 
bearing. To achieve these  values, the average 
membership degrees of the features for different motor 
faults were employed as fuzzy densities. Table 2 shows the 
features used in identifying g  fuzzy measures. 
 
Table 1    values 
BRB VUSP FB 
-0.9494 -0.9956 -0.9781 
 
Table 2  Statistical features  
x1 x2 x3 
Maximum 
(current) 
Variance 
(current) 
Maximum 
(vibration) 
 
Tables 3, 4 and 5 show the fuzzy measures for the motor 
with broken rotor bars, motor with voltage unbalance and 
single phasing, and motor with faulty bearing, respectively. 
As fuzzy measures for the empty sets are always “0”, and 
the fuzzy measures containing all the elements are always 
“1”, they were not included in these tables.  It can be seen 
that the fuzzy measures of a set containing more elements 
are always greater than the fuzzy measures of its subsets. 
This reflects the fuzzy measure’s property of monotonicity.  
 
Table 3 g fuzzy measures for motor with BRB 
g({x1}) g({x2}) g({x3}) 
0.5817     0.6453     0.7462 
g({x1, x2}) g({x1, x3}) g(x2, x3}) 
0.8706     0.9158     0.9343 
 
Table 4  g  fuzzy measures for motor with VUSP 
g({x1}) g({x2}) g({x3}) 
0.9145     0.8223     0.7327 
g({x1, x2}) g({x1, x3}) g(x2, x3}) 
0.9881     0.9801     0.9552 
 
Table 5 g  fuzzy measures for motor with FB 
g({x1}) g({x2}) g({x3}) 
0.7757     0.5560     0.8193 
g({x1, x2}) g({x1, x3}) g(x2, x3}) 
0.9098     0.9734     0.9297 
 
 
Tables 6, Table 7 and Table 8 illustrate some of the 
feature level fuzzy integral diagnostics results for the 
motor with broken rotor bars, motor with voltage 
unbalance and motor with faulty bearing, respectively. A 
membership degree or fuzzy measure greater than “0.5” 
indicates that the current fault prototype is recognized by 
the fuzzy analysis method or fuzzy integral technique. 
Table 6 Fuzzy integral diagnosis for BRB 
No. 
Membership degrees Fuzzy 
integrals Maximum 
(current) 
Variance 
(current) 
Maximum 
(vibration) 
1 0.9167 0.9573 0.5721 0.8983 
2 0.9407 0.8318 0.7519 0.8848 
3 0.6926 0.8109 0.3369 0.7229 
4 0.8243 0.9948 0.9747 0.9778 
5 0.0250 0.1389 0.3164 0.2639 
6 0.9508 0.8373 0.9411 0.9380 
7 0.9508 0.5946 0.7765 0.8626 
8 0.9964 0.8727 0.9923 0.9846 
9 0.9830 0.8866 0.9888 0.9792 
10 0.2250 0.9824 0.0023 0.6850 
11 0.9867 0.3169 0.8329 0.8789 
12 0.9634 0.8995 0.9519 0.9542 
13 0.0013 0.0793 0.5412 0.4188 
14 0.7856 0.9957 0.5721 0.8935 
15 0.9508 0.9795 0.4017 0.8983 
16 0.2250 0.0408 0.7082 0.5701 
17 0.5053 0.5170 0.9710 0.8550 
18 0.8851 0.7515 0.0046 0.7326 
19 0.9508 0.9903 0.9332 0.9740 
20 0.7856 0.0787 0.6520 0.6814 
 
 
Table 7 Fuzzy integral diagnosis for VUSP 
No. 
Membership degrees 
Fuzzy 
integrals 
Maximum 
(current) 
Variance 
 (current) 
Maximum 
(vibration) 
1 0.4859 0.8876 0.7414 0.8501 
2 0.8536 0.0484 0.9347 0.8970 
3 0.9545 0.9103 0.1074 0.9412 
4 0.9545 0.0550 0.9856 0.9594 
5 0.6892 0.9836 0.3972 0.9278 
6 0.9123 0.1436 0.9906 0.9544 
7 0.7785 0.9637 0.8865 0.9451 
8 0.8536 0.1278 0.9783 0.9305 
9 0.9123 0.9851 0.8500 0.9714 
10 0.6892 0.9936 0.9586 0.9753 
11 0.5898 0.1129 0.5652 0.5787 
12 0.2081 0.2101 0.9031 0.7178 
13 0.7785 0.9984 0.0541 0.9507 
14 0.9816 0.1688 0.5124 0.9346 
15 0.9545 0.9753 0.2809 0.9636 
16 0.9123 0.1642 0.9991 0.9610 
17 0.8536 0.9823 0.5336 0.9556 
18 0.4859 0.2587 0.0761 0.4642 
19 0.9545 0.9988 0.8833 0.9901 
20 0.8817 0.8016 0.2632 0.8685 
Table 8 Fuzzy integral diagnosis for motor with FB 
No. 
Membership degrees 
Fuzzy 
integrals 
Maximum 
(current) 
Variance 
 (current) 
Maximum 
(vibration) 
1 0.4630 0.2893 0.8806 0.8005 
2 0.7459 0.2135 0.8996 0.8576 
3 0.7459 0.1498 0.9928 0.9323 
4 0.3182 0.1540 0.0546 0.2724 
5 0.6116 0.0023 0.3899 0.5515 
6 0.8537 0.0141 0.9718 0.9280 
7 0.7459 0.3528 0.9833 0.9299 
8 0.4630 0.0330 0.2139 0.4023 
9 0.9762 0.3637 0.5119 0.8681 
10 0.8537 0.0096 0.2506 0.7120 
11 0.9762 0.6624 0.7356 0.9203 
12 0.8537 0.0311 0.6145 0.7845 
13 0.8537 0.7970 0.4031 0.8054 
14 0.6116 0.0229 0.9108 0.8411 
15 0.9822 0.9424 0.9456 0.9739 
16 0.9981 0.9666 0.8641 0.9818 
17 0.9298 0.0383 0.9697 0.9387 
18 0.9298 0.5586 0.3834 0.8307 
19 0.1949 0.0093 0.8418 0.7200 
20 0.9981 0.9117 0.9376 0.9838 
 
It can be seen from these results that the feature level 
multi-parameter fuzzy integral diagnostic model performs 
very well in recognizing electrical motor faults. The 
highlighted parts in these tables are the misclassified faults. 
The partial matchings can be regarded as initial diagnosis 
and the global matchings the final diagnosis. The proposed 
method improved fault diagnosis significantly, as both the 
importance of features and the interactions among features 
were considered during the diagnostic inference process. It 
can be seen that the fuzzy integral fusion covered for most 
of the limitations in the partial matching process. Table 9 
shows the comparison result. The recognition rate here is 
defined as the ratio of the number of specific faults 
recognized, to the total number of faults. 
 
 
Table 9 Comparison result of recognition rates 
Fault 
prototype 
Recognition rates  
Maximum 
(current) 
Variance 
(current) 
Maximum 
(vibration) 
Fuzzy 
integral 
BRB 63.25% 68.38% 82.05% 94.02% 
VUSP 96.58% 88.46% 78.21% 99.57% 
FB 79.91% 40.60% 90.17% 97.86% 
 
It can also be seen that mechanical signals can 
contribute to the recognition of electrical faults, and 
electrical signals can also contribute to the recognition of 
mechanical faults, as there are interactions between 
mechanical parameters and electrical parameters. 
The average fuzzy integrals are also much higher than 
the average membership degrees of the chosen features 
(Table 10). This output demonstrates that the results 
obtained by fuzzy integral data fusion techniques are also 
much more robust than the fuzzy analysis method which 
uses only individual features. 
 
Table 10 Average membership degrees & average fuzzy integrals 
Fault 
prototype 
Membership degrees Fuzzy 
integrals Maximum 
(current) 
Variance 
(current) 
Maximum 
(vibration) 
BRB 0.5817     0.6453     0.7462     0.8122 
VUSP 0.9145     0.8223     0.7327     0.9527 
FB 0.7757     0.4257     0.8193     0.8739 
 
 
V. CONCLUSIONS 
 
This paper has presented a feature level multi-parameter 
fuzzy integral data fusion method for machinery fault 
diagnosis. Fuzzy analysis method was employed to 
identify partial contributions of multi-parameter features to 
the fault prototype. Choquet fuzzy integrals with respect to 
g  fuzzy measures were applied to produce the diagnostic 
results. The electrical motor experiment results showed 
that the proposed method performed very well in 
identifying both the motor electrical and mechanical faults. 
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